The CIPS-SIGHAN 2012 Chinese Named Entity Recognition and Disambiguation (NERD) bake-off was held in the summer of 2012. Named entity recognition and disambiguation is an important task in natural language processing and knowledge base construction. It aims at detecting entity mentions in raw text, followed by pointing the detected mentions to real world entities. Often, real world entities can be found on online encyclopedia like Wikipedia and Baike. This task focuses on NERD in Chinese Language, and presents some challenges unique to Chinese, namely the confusion of named entity with common words, and lack of capital clues as in English. We manually construct query names and a knowledge base from Baike. Evaluation results show promising future of this field.
Overview
Named Entity Recognition and Disambiguation (NERD) is the task of detecting entity mentions from raw text and classifying each mention to its real world entity. NERD is a fundamental problem in Natural Language Processing (NLP), and the first step towards many higher level tasks, such as constructing knowledge bases, populating entities with attributes, social analysis, information extraction and question answering.
NERD in Chinese has posed some unique challenges. First, common words can be used as named entities. For example, 高 明(brilliant), a common * corresponding author adjective, is also a person name in China. Therefore, it is challenging to distinguish common words which function as named entities, given that Chinese words have less morphology variations than many other languages. Second, different types of named entities can use the same names. For example, 金 山(Gold Hill) can be used as the name of persons, locations and organizations. Finally, it is typical in China that many persons share the same name. For instance, there are many persons having the name 王刚 (Wang Gang) in China. To investigate these issues, SIGHAN 2012 establishes a task for Named Entity Recognition and Disambiguation (NERD task).
Similar tasks in English have been studied for several years. Related events include Knowledge Base Population (KBP) track of Text Analysis Conference (TAC) (Ji and Grishman, 2011; Ji et al., 2010) , Web People Search (WePS) (Artiles et al., 2007) . In WePS, the task is person name clustering, in which there is no knowledge base available. In TAC-KBP, the task is called entity linking, where the knowledge base is constructed with a subset of Wikipedia, and an entity linking system should output the correct entity id in knowledge base or "NIL" if the entity is not present in the knowledge base . It is also closely related to cross-document coreference resolution. Some other names like entity disambiguation (Kataria et al., 2011) and Wikification (Mihalcea and Csomai, 2007) are also used.
In the SIGHAN 2012 NERD task, 8 teams has successfully submitted their results and several approaches have proved to be quite effective and promising.
Task Definition and Evaluation Metrics

Task description
The participants are provided with a collection of web documents (the Source) and a Knowledge Base (KB) which contains the targets of disambiguation. One needs to find for each mention the target entity it refers to, according to the context in which it appears. Table 1 is a sample of the knowledge base. Each one is an XML document, in which there are several candidate entities with the same name, and each entity has a short description. Each ambiguous name has a collection of test text. For each test text, one should determine which real entity the name refers to, if it presents in the knowledge base, output the id in the KB; or if it is a common word, output "Other"; or if it is an entity outside the KB, group them into different clusters, output "Out n".
dataset preparation
The query person names are manually selected to reflect both the variation of this name and the confusion with common words. knowledge base is constructed from Baidu Baike entries according the person names. Source texts are selected by 20 student querying the search engine. The students are advised to crawl web document with as many variation of persons for each name as possible, and also with common words. The crawled documents for one query are splitted into folders for each real person in Baike, and reviewed by the advisor.
The query names are chosen to reflect some commonly observed in Chinese person name recognition and disambiguation, such as common words ( "张 扬" "田野" "高明"), entity type variation ( "沈阳" "金山" "黄河").
The entire dataset contains 32 names in Chinese. Table 2 gives an overview of the dataset.
Evaluation
For each name, there is a collection of test documents for evaluation. Evaluation is carried out on a per document basis. Let T denote the document collection for one name ( e.g. "雷雨" ), for each query document t ∈ T , the system output may fall into three classes, namely: SL XX, SOther and SOut XX, representing in-KB id, a common word, or a out-of-KB cluster id respectively; the gold label is L XX, Other and Out XX. We compute the precision and recall for this query as follows:
1. if t in T is predicted as SL XX, we use the following formulae.
2. if t in T is predicted as SOther, we use the following formulae.
3. if t in T is predicted as SOut XX, we use the following formulae.
4. Accorting to all the instance documents of 雷 雨, the overall precision and recall are calculated as follows.
5. The overall precision and recall for all test names are calculated as follows (the set of all the test names are notated as N, each name is represented as n in N) 4 Results, System Comparison and Discussion
Basic steps of recognition and disambiguation
There are several common components shared by many teams, which is determined by the task requirements:
• preprocessing: the KB and Source text are segmented into Chinese words, and other processing like POS-tagging and named entity recognition are alternatively used;
• information extraction: keywords, entities and relevant attributes are extracted, to construct a vector representation of KB and Source text;
• similarity calculation: the similarity is computed with feature vector, and entities in KB is generated by the rank score. Most teams use simply the unsupervised method to rank candidates, and some teams use semantic resources like Tongyici Cilin (Tian et al., 2012) or the Web for a better scoring;
• "NIL" entity clustering: maximum similarity score below a threshold is a good sign of determining if the entity is in the KB. Hierarchical clustering method is used by many teams to group NIL entities (Peng et al., 2012; Zhang et al., 2012) .
• a separate common word detection step is used after the first entity recognition step, or after the knowledge base linking phase.
There are several features which proves useful for accurate disambiguation. The features are listed as follows:
• keywords: one team report extracting discriminative keywords from the KB to represent the target entities, besides using bag-of-word feature vector, and the performance is good (Zong et al., 2012) .
• entity of different types: person, organization, location, and other types are used by many teams (Qing-hu et al., 2012; Peng et al., 2012; Zong et al., 2012; Wang et al., 2012) . One team reports cooccuring persons more discriminative than other types (Zong et al., 2012) . This is reasonable since a person is largely influenced by its social relations.
• entity attributes: several teams (Tian et al., 2012; Wang et al., 2012; Wei et al., 2012) extract attribute of many types, such as title, occupation, gender, nationality, graduate school, education background, publication, etc. Whether the performance is good is largely determined by the extraction technique.
• representation of pseudo-entities (i.e. "Other" and "Out n" ): one team benefits from a explicit representation of common words and outof-KB entities (Peng et al., 2012) , rather than using same set of feature for classification and clustering. They leverage the Web to discover keywords frequently occurring with common names. They further make the assumption that if all the entities in test document do not appear in the entries of KB, then it is likely to be an out-of-KB entity.
Feature weighting tuning: with those diverse kinds of representative features, the NERD system has to determine which feature is more important. One team uses supervised method to tune the weight of different features (Tian et al., 2012) , while another team uses the information gain criterion .
Besides a good representation of both source text and knowledge base entities, there are other aspects that may benefit a NERD system. One team use model combination method: there are several rank score and each with different feature input; a classification model finally determine the relative importance of each scoring . Training set can be used to decide the threshold in NIL linking and tune the weight of different features and models. One team also uses the extended version of KB from Baidu Baike to enrich the feature set , and constructs a one-to-one mapping from Baike to KB, because most of the entities is constructed from Baike. Table  4 shows detailed top/median precision/recall/f-score across all teams, for each query name. The result shows that the performance is good for most of the queries, except for a few, like "田野" "黄河" "黄莺" "黄龙". As we did not have the named entity recognition result, we detect it is due to their so common usage in Chinese Language as a common word. It is even harder for the detection system to consider it as a named entity without strong clues. Table 5 shows detailed median score for in-KB, NIL clustering, and common word detection results. We can see that the precision and recall of in-KB entities are generally much higher than the NIL clustering. This is reasonable because the entities in KB are almost famous people and rich in attributes and cooccurence entities, as most systems use these attributes as strong indicator of specific person.
Analysis of difficult queries
Moreover, there is general trend that the recall of NIL clustering is higher than precision. That is to say most of the systems tend to put entities into separate clusters. The reason may be that most NIL entities are so rarely observed and have fewer clues like social relations. They are in most situations dissimilar to each other, if the system uses attribute or cooccuring entities, simply because the features of these types have a small opportunity to match. Finally, the "Other" class performance differs a lot across different queries. We deduce this is caused by the difficulty level of the query document. As this part is closely related to the segmentation and entity recognition processing step, it is hard to tell which aspects are more important, the recognition or segmentation.
It is interesting to see that with so many difficulty discussed, there are general clues which indicate a good performance of an NERD system. Most systems use fine-grained keywords, attributes, and cooccurence entities, which gives competitive performance. One team exceeds over 80% total Fscore, and 3 teams at around 75%. We can expect better performance with better recognition tools and even large collections of Source and KB information.
Conclusion
The Chinese named entity recognition and disambiguation task for CIPS-SIGHAN 2012 has raised the problem in Chinese NERD. Besides the basic difficulty of detection, classification, and NIL clustering , there are other difficulties like common words detection, disambiguation across entity types. 8 teams have submitted their results, and address the difficulties in different ways. Most teams use simple unsupervised scoring metrics, with careful design of feature representation. Some of the techniques prove effective and the result is promising. 
